Abstract. Discovering links between overlapping datasets on the Web is generally realised through the use of fuzzy similarity measures. Configuring such measures is often a non-trivial task that depends on the domain, ontological schemas, and formatting conventions in data. Existing solutions either rely on the user's knowledge of the data and the domain or on the use of machine learning to discover these parameters based on training data. In this paper, we present a novel approach to tackle the issue of data linking which relies on the unsupervised discovery of the required similarity parameters. Instead of using labeled data, the method takes into account several desired properties which the distribution of output similarity values should satisfy. The method includes these features into a fitness criterion used in a genetic algorithm to establish similarity parameters that maximise the quality of the resulting linkset according to the considered properties. We show in experiments using benchmarks as well as real-world datasets that such an unsupervised method can reach the same levels of performance as manually engineered methods, and how the different parameters of the genetic algorithm and the fitness criterion affect the results for different datasets.
Introduction
Identity links between data instances described in different sources provide major added value of linked data. In order to facilitate data integration, newly published data sources are commonly linked to reference repositories: popular datasets which provide good coverage of their domains and are considered reliable. Such reference repositories (e.g., DBpedia or Geonames) serve as hubs: other repositories either link their individuals to them or directly reuse their URIs. However, establishing links between datasets still represents one of the most important challenges to achieve the vision of the Web of Data. Indeed, such a task is made difficult by the fact that different datasets do not share commonly accepted identifiers (such as ISBN codes), do not rely on the same schemas and ontologies (therefore using different properties to represent the same information) and often implement different formatting conventions for attributes.
Automatic data linking often relies on fuzzy similarity functions comparing relevant characteristics of objects in the considered datasets. More precisely, a data linking task can be specified as the evaluation of a decision rule establishing whether two individuals should be considered equivalent, based on the value of a function aggregating the similarity comparisons of some properties of these individuals. In most systems, establishing the appropriate decision rule is left to the user, who needs to rely on his/her knowledge of the domain, of the data in both datasets, and on his/her intuition regarding the performance of various similarity functions in the considered linking situation. Other systems try to alleviate the issue of establishing the decision rule for linking by using machine learning techniques. They however require a substantial set of training data in the form of pre-established links within a subset of the considered datasets.
In this paper, we investigate the question: can a suitable decision rule for linking two datasets be learned without possessing labelled training data, based only on the characteristics of the datasets and on the distribution of similarity values amongst their instances? Our hypothesis is that in a scenario which involves establishing links to reference datasets, available information (e.g., knowledge that the datasets do not contain duplicates and have high degree of overlap) can provide sufficient evidence to learn a decision rule which would determine identity mappings between instances in two datasets with high accuracy. To learn such rules, we propose an approach based on a genetic algorithm, which evolves a set of initially random solutions to a problem according to a fitness criterion. Following research in the area of record linkage in databases, we devise an applicable fitness criterion which relies on the distribution of links and similarity values generated by applying a particular decision rule.
To test our assumptions, we apply this approach to the benchmark datasets from the OAEI 2010 and 2011 instance matching contests. We show that applying the learned decision rule for data linking achieves results at the level of the best state-of-the-art tools, without the need to configure linking parameters for each task. We also experiment with subsets of real-world linked datasets to demonstrate the robustness of the approach to different types of datasets in different domains and discuss the effects of some of the parameters of the genetic algorithm on its behaviour in data linking tasks. The remainder of this paper is structured as follows. In section 2, we provide an overview of the basic notions of the link discovery problem and relevant work in both Semantic Web and database research communities. Section 3 describes our algorithm in detail. Section 4 describes the experiments we performed in order to validate our approach. Section 5 concludes the paper and discusses directions for future work.
Problem Definition and Related Work
In this section, we specify the tasks of link discovery and of establishing the necessary decision rule, together with a brief description of the relevant existing work.
Link Discovery Problem
The problem of reconciliation was originally studied in the database community where it is known as record linkage or object identification [3] . With the development of the linked data initiative, it gains importance in the Semantic Web community where it is studied under the name of link discovery [14] . The link discovery task takes as inputs two datasets D 1 and D 2 and tries to discover all pairs of individuals (I 1i , I 2j ) belonging to these datasets such that they describe the same entity ω according to a chosen identity criterion. In the context of linked data, datasets D 1 and D 2 represent RDF graphs and their individuals are identified by URIs.
Existing techniques solving this task can be divided into two main categories: individual matching and dataset matching. We essentially focus on individual matching in this paper. Dataset matching techniques are built on top of individual matching ones: they take as input two datasets as a whole together with the initial set of mappings produced by individual matching and further refine them. These techniques take into account additional available information such as relations between individuals, axioms defined in the ontological schema, and mutual impact of different mappings. The individual matching task can be defined as follows. Most individual matching techniques follow the approach proposed in a seminal paper by Fellegi & Sunter [6] , in which the decision is based on a similarity function sim(P (I 1 ), P (I 2 )) which returns a degree of confidence that I 1 ≡ I 2 . The similarity function commonly takes the form of aggregated similarity over attributes sim(P (I 1 ), P (I 2 )) = f agg ({sim i (V 1i , V 2i )}), where f agg is an aggregation function and sim i is a comparison function, which returns a degree of similarity between two values of the attribute a i . The decision rule then takes the form of applying a filtering criterion which determines whether the confidence degree returned by the similarity function is sufficient to consider a pair of individuals as identical. The threshold-based criterion is commonly used: a mapping (I 1 , I 2 ) is returned if sim(P (I 1 ), P (I 2 )) ≥ t, where t is a threshold.
Establishing a Decision Rule for Individual Matching
As can be seen from the description above, the key component of an individual matching method is the decision rule. For a given pair of datasets to link, a decision rule has to be established that incorporates comparisons between relevant pairs of properties using appropriate similarity functions, weights, and thresholds to obtain an adequate discriminative ability.
Some systems assume that a pre-established, generic similarity measure can be employed across domains. This approach is often followed by systems targeted for the global scale link discovery (e.g., OKKAM [13] ), generic ontology matching systems (e.g., RiMOM [9] ), or systems which primarily rely on the dataset matching stage (e.g., CODI [12] ). However, in most other cases, a dedicated decision rule has to be established for each link discovery task (i.e., each pair of datasets to link). Existing systems in the Semantic Web area take two different approaches to realise this:
Manual configuration. where the decision rule is specified by the user. Besides requiring user effort, the clear disadvantage of such an approach is that it relies on extensive knowledge from the user of the structure and content of the two datasets to link, as well as on a reasonable level of intuition regarding the performance of (often complex) similarity functions in a particular situation. Learning from training data. where the appropriate decision rule is produced by analyzing the available labeled data. This method is followed, for example, by the ObjectCoref system [7] . This alleviates the need for user input to establish the decision rule, but requires the availability of a substantial set of robust training data (although some methods, like active learning [10] can reduce the required amount of data).
Here we investigate a third category of approaches that relies on the characteristics of the datasets and of the similarity distributions resulting from comparing them to establish high performing decision rules in an unsupervised way. Several solutions in the database research community proposed to use the distribution features of similarity functions. For example, in [2] individuals are clustered into matching and non-matching classes based on the structure of their neighbourhood rather than on simple threshold filtering. Zardetto et al [15] proposed to use prior knowledge about the features of the similarity distribution -namely, that correct mappings are dominant in the area of high similarity values and that matches are very rare in comparison with non-matches. These features are used to build a mixture model, which is later used for classifying candidate mappings into matching and non-matching. Considering the task of linking to a reference repository, we can make several assumptions about the datasets and the desired instance matching output: -Assumption 1: While different URIs are often used to denote the same entity in different repositories, distinct URIs within one dataset can be expected to denote distinct entities. The method described in this paper proposes to use a genetic algorithm guided by a fitness criterion using these assumptions to assess the expected quality of a decision rule, and of the derived set of links. Our method goes a step further than existing methods, as it chooses an appropriate similarity function for a given matching task as well as a suitable filtering criterion, rather than relying on given similarity functions. Hence, producing a solution requires selecting multiple parameters of the decision rule simultaneously, such as similarity functions, comparable attributes, and weights.
For such problems where a suitable complex function has to be found based on its desired output, genetic algorithms are known to perform well on many practical tasks, and have already been applied to the instance matching problem in the context of supervised learning [1] , [8] . The idea here is to use such an approach to evolve a population of candidate solutions (i.e., decision rules) using selection and variation mechanisms to favour the "fittest" solutions in each generation, therefore presumably converging to decision rules that can be optimally applied to link the two given datasets.
Algorithm
Applying a genetic algorithm to the problem of optimizing a decision rule requires solving three issues: how relevant parameters of a decision rule are encoded as a set of genes, what fitness measure to use to evaluate candidate solutions, and how to use selection and variation operators to converge on a good solution. An initial population is used as a pool of candidates, from which the algorithm selects the best chromosomes according to the fitness function. In order to find a solution which optimizes the fitness function, the algorithm updates the initial population by using selection and variation operators:
Representing Individual Matching in Terms of a Genetic Algorithm
-Selection chooses a subset of chromosomes in the original population to be used in the creation of the new one. -Variation changes the genes of the selected chromosomes to generate new candidate solutions from the old ones. Commonly used variation operators include crossover, which recombines elements of several "parent" chromosomes to produce several new chromosomes (or "children"), and mutation, which produces a new chromosome by randomly tweaking the genes of the original one.
The updated population is created by applying these operators to selected chromosomes from the original one. Then, the same steps are performed for the updated population, and the algorithm continues iterating until the optimal solution (or one sufficiently close to the optimum) is produced or a termination condition is satisfied: e.g. maximal number of iterations is reached or the fitness of the population does not improve for a long time. The candidate solution C best = argmax(F fit (C i )) is returned by the algorithm as its output.
To apply a genetic algorithm to the individual matching problem, we need to represent candidate decision rules as a set of genes. Similarly to many existing approaches (see section 2), we represent a decision rule using an aggregated attribute similarity function. Definition 3: A decision rule for an individual matching task is defined as: f ilt(sim(P (I 1 ), P (I 2 ))) where sim(P (I 1 ), P (I 2 )) is the similarity function comparing profiles of two individuals, and f ilt(sim(P (I 1 ), P (I 2 ))) is a boolean filtering function. The similarity function takes the form
-sim ij is the function which measures similarity between the values of the attributes a 1i of P (I 1 ) and
We considered two alternative filtering criteria: the threshold-based one and the nearest neighbour one. The former requires that sim(P (I 1 ), P (I 2 )) ≥ t, where t is a threshold value. The latter chooses for each instance I 1 in the source dataset such I 2 that sim(P (I 1 ), P (I 2 )) = max(sim(P (I 1 ), P (I j ))). This criterion is applicable in cases where we expect each I 1 to have a matching I 2 .
Each of these parameters is represented by a gene in the following way:
-sim ij are encoded as nominal values representing corresponding attribute similarity functions (or nil, if a 1i and a 2j are not compared). We included a number of character-based functions (edit distance, Jaro, I-Sub, etc., and the corresponding token-based similarity metrics. The latter divide both string values into sets of tokens, then compare each pair of tokens using a characterbased similarity function and try to find the best match between them. -Weights of each attribute comparison pair w ij and the threshold t are encoded using their real values. -f agg is encoded as a nominal value representing one of two types of aggregation functions: weighted average avg(P (I 1 ), P (I 2 )) = wij simij (a1i,a2j ) wij and maximum max(P (I 1 ), P (I 2 )) = max({w ij sim ij (a 1i , a 2j )}). In the latter case the weights w ij can only take values 0 or 1.
These genotypes are evaluated by applying the decision rule to the matching task and calculating the fitness function.
Fitness Functions: Pseudo-F-measure and Neighbourhood Growth
In the absence of labelled data it is not possible to estimate the quality of a set of mappings accurately. However, there are indirect indicators corresponding to "good characteristics" of sets of links which can be used to assess the fitness of a given decision rule. To establish such indicators, we rely on the assumptions we made about the matching task. Traditionally, the quality of the matching output is evaluated by comparing it with the set of true mappings M t and calculating the precision p and recall r metrics. Precision is defined as p = A standard metric combining precision and recall is the F-measure F β = (1+β 2 )·p·r β 2 ·p+r , where β characterizes the preference of recall over precision, and β = 1 means equal importance of both. To reduce the impact of recall, we used β = 0.1 and the pseudo-F-measure
In this way, solutions which increase precision are favored, while recall is only used to discriminate between solutions with similar estimated precision. This "cautious" approach is also consistent with the requirements of many real-world data linking scenarios, as the cost of an erroneous mapping is often higher than the cost of a missed correct mapping.
In order to incorporate Assumption 3, the final fitness function gives a preference to the solutions which accept mappings with similarity degrees close to 1:
2 ). In this way, the fitness function is able to discriminate between such decision rules as avg(0.5 · jaro(name, label), 0.5 · edit(birthY ear, yearOf Birth)) ≥ 0.98 and avg(0.05 · jaro(name, label), 0.05 · edit(birthY ear, yearOf Birth), 0.9 · edit(name, yearOf Birth)) ≥ 0.098. While these two rules would produce the same output in most cases, comparing irrelevant attributes (like name and yearOf Birth) is not desirable, because it increases a possibility of spurious mappings without adding any value.
While we used F ∼ fit as the main fitness criterion, to test the effect of the choice of a fitness function on the performance of the genetic algorithm, we implemented an alternative fitness function: the neighbourhood growth function F NG fit . While the pseudo F-Measure tries to estimate the quality of resulting mappings to guide the evolution of candidate solutions, F NG fit tries to exploit the desired property of a "good" similarity function: namely, that it should be able to discriminate well between different possible candidate mappings. To measure this property, we adapt the neighbourhood growth indicator defined in [2] to achieve an optimal clustering of instance matching results for a pre-defined similarity function, as an alternative to the threshold-based filtering criterion. We adapt this indicator as an alternative fitness criterion for selecting the most appropriate similarity functions. Intuitively, high values of N G(I x ) indicate that the neighbourhood of an instance is "cluttered", and the similarity measure cannot adequately distinguish between different matching candidates. Then the fitness function for a set of compared instance pairs M is defined as F NG fit = 1/avg x (N G(I x )). As this function does not require applying the filtering criterion, it only learns the similarity function, but not the optimal threshold. However, the threshold can be determined after the optimal similarity function has been derived: t is selected in such a way that it maximises the F ∼ fit function over a set of compared pairs.
Obtaining the Optimal Solution: Genetic Algorithm
The algorithm takes as input two instance sets I 1 and I 2 and two sets of potential attributes A 1 and A 2 . Each set of attributes A i includes all literal property values at a distance l from individuals in I i . In our experiments we used l = 1, however, also including the paths of length 2 if an individual was connected to a literal through a blank node. In order to filter out rarely defined properties, we also remove all attributes a ij for which |{P (Ii)|aij ∈P (Ii),Ii∈I}| |I| < 0.5. As the first step, the algorithm initializes the population of size N . For the initial population, all values of the genotype are set in the following way:
-A set of k pairs of attributes (a 1i , a 2j ) is selected randomly from the corresponding sets A 1 and A 2 . -For these pairs of attributes the similarity functions sim ij and the corresponding weights w ij are assigned randomly while for all others are set to nil.
-The aggregation function and the threshold are initialized with random values, and the weights are normalized so that w ij = 1.
All initial solutions only compare a single pair of attributes (k = 1): this is done to identify highly discriminative pairs of attributes at the early iterations, and then improve these solutions incrementally. Each iteration of the algorithm consists of two stages: selection and reproduction. At the selection stage, each candidate solution is applied to produce mappings between individuals from I 1 and I 2 . In case of large-scale datasets, random sampling can be applied, so that the solutions are only applied to a subset I S 1 ⊆ I 1 . The calculated F fit fitness measure is used for the selection of candidate solutions for reproduction. Our algorithm uses the standard roulette wheel selection operator: the probability of a chromosome being selected is proportionate to its F fit fitness. At the reproduction stage, a new population of chromosomes is generated by three different operators: elitist selection, crossover, and mutation. In the new population, the proportion of chromosomes produced by each operator is proportional to its rate: elitist selection rate r el , crossover rate r c , and mutation rate r m (r el + r c + r m = 1). Elitist selection copies the best subset of chromosomes from the previous population. The crossover operator takes two parent chromosomes and forms a pair of "children": each gene of the parent is passed to a randomly chosen child, while another child inherits a corresponding gene of the second parent. Finally, mutation modifies one of the genes of the original chromosome in one of the following ways:
-Adding or removing a comparison between attributes with a probability p At the new iteration, chromosomes in the updated population are again evaluated using the F fit fitness function, and the process is repeated. The algorithm stops if the pre-defined number of iterations n iter is reached or the algorithm converges before this: i.e., the average fitness does not increase for n conv generations. The phenotype with the best fitness in the final population is returned by the algorithm as its result.
Evaluation
To validate our method, we performed experiments with two types of datasets. First, we tested our approach on the benchmark datasets used in the instance matching tracks of the OAEI 2010 and OAEI 2011 ontology matching competitions 2 , to compare our approach with state-of-the-art systems. Second, we used several datasets extracted from the linked data cloud to investigate the effect of different parameter settings on the results.
Settings
As discussed above, a genetic algorithm starts with an initial population of random solutions, and iteratively create new generations through selection, mutation and crossover. In our experiments, we used the following default parameters: 
NG fit
The genetic algorithm is implemented as a method in the KnoFuss architecture [11] . Relevant subsets of two datasets are selected using SPARQL queries. Each candidate decision rule is used as an input of the KnoFuss tool to create the corresponding set of links. To reduce the computation time, an inverted Lucene 3 index was used to perform blocking and pre-select candidate pairs. Each individual in the larger dataset was indexed by all its literal properties. Each individual in the smaller dataset was only compared to individuals returned by the index when searching on all its literal properties, and pairs of compared individuals were cached in memory. Common pre-processing techniques (such as removing stopwords and unifying synonyms) were applied to the literal properties.
Benchmark Test
The OAEI 2010 benchmark contains three test cases: Person1 and Person2, which contain artificially distorted records of people, and Restaurants, which includes data about restaurants from the RIDDLE repository 4 . Two versions of the Restaurants dataset exist: the version originally used in the OAEI 2010 evaluation which contained a bug (some individuals included in the gold standard were not present in the data), and the fixed version, which was used in other tests (e.g, [13] , [7] ). To be able to compare with systems which used both variants of the dataset, we also used both variants in our experiments. The OAEI 2011 benchmark includes seven test cases, which involve matching three subsets of the New York Times linked data (people, organisations, and locations) with DBpedia, Freebase, and Geonames datasets. We compared our algorithm with the systems participating in the OAEI 2010 tracks as well as with the FBEM system [13] , whose authors provided the benchmark datasets for the competition. We report in Table 1 on the performance of the KnowFuss system using decision rules learned through our genetic algorithm (noted KnowFuss+GA) as the average F1-Measure obtained over 5 runs of the algorithm with a population size N = 1000. The solution produced by the genetic algorithm managed to achieve the highest F1-measure on 3 out of 4 datasets and the second highest F1-measure on 1 out of 4. Examples of produced decision rules are provided in Table 2 . We observed that the algorithm took less time on identifying discriminative pairs of properties and the aggregation function and more on tuning weights and attribute similarity functions. To test the robustness of the results achieved by the algorithm with different settings, we performed tests on the benchmark datasets varying the crossover rates r c , and mutation rate r m . Surprisingly, varying the crossover rate and the mutation rate did not lead to significant changes in the results, except for extreme values. These parameters mostly affected the number of generations needed to converge to the optimal solution, and the algorithm usually converged well before 20 generations 5 . Given the larger scale of the OAEI 2011 benchmark, to speed up the algorithm we used random sampling with the sample size s = 100 and reduced the population size to N = 100. To improve the performance, a post-processing step was applied: the 1-to-1 rule was re-enforced, and for a source individual only 1 mapping was retained. As shown in Table 3 , these settings were still sufficient to achieve high performance: the algorithm achieved the highest F 1 measure on 4 test cases out of 7 and the highest average F 1 measure. These results verify our original assumptions that (a) the fitness function based on the pseudo-Fmeasure can be used as an estimation of the actual accuracy of a decision rule and (b) the genetic algorithm provides a suitable search strategy for obtaining a decision rule for individual matching.
LOD Datasets
To test the reusability of our method in different real-world scenarios, we have defined the following three matching tasks:
Music Contributors. As a source dataset, we selected a list of music contributors from the LinkedMDB dataset 6 . This dataset of 3995 individuals was matched against the set of all people from DBpedia 7 (363751 individuals). The gold standard was constructed manually and included 1182 mappings. Book Authors. To construct this dataset, we extracted a set of 1000 individuals describing book authors from the BNB dataset 8 (from the first part of the dump, we selected 1000 authors with the highest number of published books). This dataset was also matched against the set of all people from DBpedia. The gold standard was constructed manually and included 219 correct mappings. Research Papers. To generate a matching task with a larger number of reliable gold standard mappings, we used a subset of 10000 research publications represented in the L3S-DBLP dataset 9 (out of the snapshot of 366113 publications included in the BTC 2010 dataset 10 ). For these publications, we extracted their RDF descriptions from the DOI web-site 11 . We used equivalent DOI codes to create the gold standard and then removed corresponding properties from respective datasets to prevent the algorithm from using them as an easy solution.
On each of these datasets, we applied the algorithm with the same default settings as used in the benchmark tests. We performed the experiments using two different fitness functions: the unsupervised F ∼ fit fitness function and the actual F 1-measure produced using the gold standard dataset. The latter case represents an ideal scenario, in which a complete set of labeled data is available in advance, and the algorithm only has to produce an optimal decision rule which would approximate this data. For Music contributors and Book authors, we varied the population size N in order to estimate the necessary number of candidate solutions which the algorithm has to test before achieving stable performance. The results for these datasets are summarised in Table 4 , which shows average precision, recall, and F 1-measure achieved using two different fitness functions, as well as the standard deviation of F 1 measure σF 1 over 5 runs and the time of a single run for the unsupervised case 12 . In both cases, F ∼ fit allowed reaching with the results achieved for the OAEI 2011 benchmark. Applying the resulting decision rules to the complete dataset also produced results with precision and recall values similar to the ones achieved on the partial sample. Finally, to test Table 6 show that both functions are able to achieve high accuracy with F ∼ fit providing more stable performance. This validates our initial choice of F ∼ fit as a suitable fitness criterion and reinforces our assumption that features of the similarity distribution can indirectly serve to estimate the actual fitness.
Conclusion and Future Work
In this paper, we proposed a method which exploits expected characteristics of "good" sets of mappings to estimate the quality of results of the individual matching task. We formalised these characteristics to propose a fitness function for a genetic algorithm, which derives a suitable decision rule for a given matching task. Experiments, which we performed with both benchmark and real-world datasets, have validated our initial assumptions and have shown that the method is able to achieve accuracy at the level of the top-performing state-of-the-art data linking systems without requiring user configuration, training data, or external knowledge sources.
We plan to use the results presented in this paper to pursue several promising research directions, in particular, combining our approach with more knowledgeinvolving dataset matching methods. On the one hand, dataset matching systems have to rely on individual matching techniques to provide initial sets of mappings for refining. For such systems, using initial mappings of better quality can be beneficial. On the other hand, domain knowledge can be used to improve the unsupervised fitness functions, for example to reduce the fitness of decision rules whose results violate ontological restrictions.
